ABSTRACT
Introduction
The quality assessment of fruits, particularly of peaches, is important for establishing the optimal harvest date, the best postharvest treatment, the cold storage temperature and the delay before consumption. Quality properties change rapidly from an unripe (low quality) to a ripe (high quality) stage. If the fruits are harvested too early, they will not ripen properly, and their quality at consumption will be poor (Crisosto, 1996; Moras, 1995) .
The degree of ripeness can be assessed by destructive measurements (firmness measured by penetromy, Magness Taylor firmness, soluble solids content and acidity of the juice) and by non-destructive measurements. Non-destructive measurements may be carried out by examining optical properties (Lu and Peng, 2006; Ziosi et al., 2008) , firmness estimated by impact (De Ketelaere et al., 2006; Diezma-Iglesias et al., 2004; Valero et al., 2007; Zude et al., 2006) or acoustic response (De Belie et al., 2000; Gómez et al., 2006) .
The reference measure for firmness most commonly accepted by growers, packing houses, markets, and others is the Magness-Taylor penetration forcé (MT). However, it has been shown that this measurement lacks precisión and has high instrumental and sampling variability. Firmness at harvest is one of the critical factors for peach management. At the packing station, softer fruits (below 20 N of MT) must be rejected due to their high susceptibility to damage, even if they are best for eating. At the same time, exceptionally hard fruits (over 50 N) usually do not reach a mínimum level of maturity and, therefore, cannot ripen properly. There is great interest, then, in classifying the fruits according to their firmness in a non-destructive way so that more homogeneous and resistant fruits can be chosen for the market.
Destructive and non-destructive measurements present parallel trends. However, non-destructive measurements are faster and can be implemented online. For peaches, the external colour and firmness advance in a similar or parallel pattern when monitored from the time of harvest to full consumer ripeness (Crisosto et al., 1995; Kader and Mitchell, 1989; Rood, 1957) . In addition, peaches do not ripen in a homogeneous way. Depending on the cultivar, different áreas of the fruit (e.g., the tip and shoulders) soften faster than others, and, therefore, these áreas are more susceptible to damage and disease (Crisosto et al., 2001) . Consequently, there is a need to develop non-destructive measuring techniques such as visión, which can provide a spatially detailed measurement of the degree of firmness and ripeness. The detection of the ripest áreas through machine visión techniques could be employed as a rejection criterion in on-line classification equipment. Therefore machine visión could aid the classification of fruits according to their optimal destination: ripe samples to be sent to local markets, those which can be sent to distant markets, or unripe samples needing ripening treatments. In addition, machine visión can help to reduce the mistakes in manual classification.
The present research is focused on the application of visión to ripening assessment. Pigment changes during maturation and ripening can be detected through visión and reflectance techniques. Vision allows a spatially detailed determination of the ripening stage compared to spectrometry, which gives an average determination of an área of the fruit. The ripening process and external defects of fruits can be determined using multispectral and hyperspectral imaging (Leemans et al., 2002; Lu and Peng, 2006; Qjn and Lu, 2008) , providing better sensitivity than RGB imaging (Aleixos et al., 2002; Kleynen et al., 2003) .
Hyperspectral visión is a powerful tool for searching the best combination of wavelengths regarding ripening. It could be applied in laboratory in an experimental framework to test and compare different wavelengths combinations. Once the best combination is chosen, it can be implemented in a multispectral visión camera.
In this paper we propose the comparison procedure for selecting the best combination. The present paper proposes two new indexes of ripening based on three wavelengths cióse to the chlorophyll absorption peak. The first part reviews spectral indexes regarding maturity and ripeness, and introduces these two new indexes from spectral considerations. The second part reports the materials and methods used for comparing these indexes with other existing indexes. The last part is devoted to the presentation and discussion of the results.
Multispectral indexes

State ofthe art
When assessing ripening with visión, it is crucial to identify the spectral changes associated with pigment evolution during ripening. Spectral indexes may consist of a single reflectance wavelength, differences or ratios between wavelengths or derivatives, or Índices related to the red edge (a sharp change in reflectance between 680 and 750 related to chlorophyll content) (Xue and Yang, 2009 ). The use of ratios or differences is generally preferred because reflectance at one determined wavelength can be significantly affected by variable irradiance, background and geometric effects, sensors or other circumstances (Xue and Yang, 2009) . Several Índices have been developed for precisión agriculture (Scotford and Miller, 2005) . The normalised difference vegetation index NDVI is the most used índex for the remote estimation of chlorophyll content. For ripeness, several studies have considered the chlorophyll band (Peng and Lu, 2007; Tu et al., 1995) or the water absorbance band (McGlone et al., 1997) to be the most relevant for maturity and firmness. Three áreas in the visible range have been identified as the most important: 680 nm for chlorophyll, 450 and 480 nm for carotenoids and 535 nm for anthocyanin (Ojn and Lu, 2008) . Other spectrum áreas, such as 500-550 nm for xanthophylls, have also been considered (Strack and Wray, 1989 cited by Merzlyak et al., 2003) . Merzlyak et al. (2003) discuss the interactions of spectral features for different proportions of pigment content present in red and green fruits. Ruiz-Altisent et al. (2006) showed that the reflectance associated with chlorophyll content (i.e., 680 nm) is inversely related to firmness for several yellow-and red-skinned peach cultivars, including 'Richlady'. Ferrer et al. (2005) also observed significant differences in the reflectance spectra of Calanda peaches (clingstone, pale-yellowish, and non-melting fleshed cultivars) at 680 nm. Reflectance at 680 nm for chlorophyll content presents the highest correlation with firmness in peaches (Lu and Peng, 2006) . In fact, backscattered light at 677 nm, characterised by four parameters extracted from their corresponding Lorentzian profile, is related to chlorophyll content, and it gives the highest correlation to flesh firmness in peach.
More recently, Ojn and Lu (2008) explored the feasibility of using backscattered light in several fruits and vegetables to determine scattering and absorbance coefficients by employing hyperspectral images. The spectra of absorption coefficients were determined by the main pigments (chlorophyll, carotenoids and anthocyanin). The shape ofthe backscattered hyperspectral images presented a narrowing effect or a bottleneck at 675 nm in apple, pear, peach, kiwifruit, and green and pink tomatoes. This effect was due to the chlorophyll light absorption. This phenomenon did not occur with red tomatoes, which were the ripest. Lleó et al. (2009) studied the behaviour of peach images acquired at 680 nm that covered the whole surface of the fruit. As the fruit ripens, the reflection in this band increases due to chlorophyll degradation. As a result, the histogram shifts towards brighter levéis.
Several authors have studied different spectral indexes related to fruit ripening. Zude (2003) compared nine spectral indexes related to apple ripeness, including NDVI and ratios such as 698 nm/780 nm. Both obtained good results for certain cultivars. Ojn and Lu (2008) presented a ratio of the absorption coefficient at 675 nm (chlorophyll) to that at 535 nm (anthocyanin) for the classification of tomato ripeness.
With peach, Ziosi et al. (2008) defined an optical index. This was an index of absorbance difference at two wavelengths, 670 and 720 nm (I A D = A670-A720). These wavelengths allowed them to differentiate between two maturity classes of 'Fayette' (yellow skin) peaches, which evolve differently during ripening and present different transcriptional profiles.
Another index, such as the reflectance ratio 670 nm/800 nm, have been shown to be useful for determining the ripeness of yellow clingstone peaches (Delwiche et al., 1987) . Reflectances at 680 nm and at 800 nm have been also used by Sims and Gamón (2002) in remote sensing. The ratio of reflectance collected at 800 and 670 nm has been used to determine leaf chlorophyll content. Both wavelengths are related to the NDVI index because they are in the middle of the broad bands typically used in NDVI. Classification algorithms have been proposed based on red (675 nm) divided by infra-red (800 nm) images based on non-supervised clustering (Ward, 1963) whilst gathering the whole variability of ripeness in the harvest and post-harvest chain (Lleó et al., 2009) . This classification presented a parallel evolution with firmness. As the fruits presented a higher classification score, they also showed lower firmness. Fig. 1 presents the typical shapes of ripe and unripe peach reflectance spectra. The main difference is the chlorophyll absorption hole (around 680 nm), which disappears as the fruit ripens. It is thus natural, as the above state ofthe art has shown, to use this peak. Nevertheless, the apparent reflectance is affected by two phenomena:
Spectral considerations
-The first is due to the variations of light scattering, which induce variations in the mean light path length. This produces a multiplicative variation of the observed reflectance. -The second is due to some kind of specular reflection; that is, a variable part ofthe light does not enter the fruit and is reflected directly by the skin. This phenomenon produces an additive variation of the observed reflectance. Example of two reflectance spectra belonging to two different peaches: one unripe, which presents an absorption peak at 680 nm; and one ripe, which does not present any peak at 680 nm. The X axis corresponds to the wavelengths (nm). The Y axis corresponds to the reflectance level of the spectra (arbitrary units).
As a first approximation, it is commonly considered that the multiplicative effect does not depend on the wavelength, whilst the additive effect is a function of the wavelength. These considerations yield the following expression of the apparent reflectance:
where l is the wavelength, R 0 {1) is the true (unknown) reflectance, /<i is a constant and F is a function (usually linear).
Next, the retrieval of the true reflectance from the measured signal involves two corrections that are respectively related to the multiplicative and additive effects: -A normalisation that consists of dividing the spectrum by a quantity that is affected by the multiplicative effect but is not linked to the chemical composition of the sample. For example, the Standard Normal Varíate (SNV) process (Barnes et al., 1993) performs a normalisation by the standard deviation of the spectrum. -A baseline subtraction that consists of removing the background trend from each spectrum. This operation can be achieved explicitly, for example, by identifying the baseline (linear, quadratic, etc.) or by performing a fe-order differentiation. The latter solution is commonly performed by means of the Savitsky and Golay algorithm (Gorry, 1990) , which performs smoothing simultaneously with differentiation. The second order of differentiation is usually preferred because it removes the linear baselines and magnifies the peaks.
The application of such corrections to the chlorophyll peak with a limited number of wavelengths can be achieved on the basis of three reflectances: R a , R c and R b . These reflectances correspond respectively to the sides and the bottom of the peak, as illustrated in Fig. 1 . Two levéis of correction can be applied, yielding two indexes: -The baseline correction should be carried out by an approximation of the second derivative on the peak, as performed by Indi:
Indi =R a +R c -2R b -The correction for the multiplicative effect is done in Ind 2 by dividing Indi by the mean valué of the two reflectances R a and R c (which should not depend on the ripening):
After the simplification (dividing the numerator and denominator by R 3 + R c ) and the removal of the constant terms and factors, Ind 2 becomes:
Proposed indexes
On the basis of the above considerations, the present research proposes to compute the new indexes, Indi and Ind 2 , on the following wavelengths: Á b = 680 nm, l a = 640 nm and l c = 730 nm. Indi corresponds approximately to the depth of the absorption peak at 680 nm, and Ind 2 corresponds to the relative absorption peak. Indi corrects for the additive effect, and Ind 2 corrects for the additive plus multiplicative effects, as explained in the previous paragraph.
Materials and methods
Materials
Red-skinned, soft-flesh 'Richlady' peaches were harvested from an orchard in the south of France. Five commercially mature fruits were selected by expert assessment based on apparent colour and firmness (Fig. 2) .
Hyperspectral images of the selected fruits were acquired befo re and after the following ripening process: refrigerated storage for four days at 10 °C and ripening for three days at room temper- ature (20 °C). Two images were acquired for each fruit, corresponding to each of the two sides delimited by the suture of the fruit. One of the images was not correctly acquired, so that, 9 fruit sides have been finally analysed. Each of these 9 samples was analysed before and after the ripening process.
Hyperspectral measurements
Hyperspectral images were acquired from each side of the fruit. The visión system was provided by a HYSPEX VNIR 1600-pixel push-broom camera (Hyspex, Norsk Elektro Optikk AS, Norway). The light was provided by a classical tungsten lamp. An image of a white panel provided a blank reference, which permitted the reflectance spectra of each pixel to be calculated.
Images computed based on chlorophyll indexes
On the basis of the description in Section 2, the following four indexes were computed on the whole image of the fruit sides:
(a) Indi = (R 730 + R 6 4o) -2 * R 6 so (b) Ind 2 = JW(R 6 4o + Riso) (c) Ind 3 = RsislR&oo (d) I AD = loglO(R 720 /R 6 7o) Indi and Ind 2 are the new indexes, and the other two were employed before; Ind 3 was proposed by Sims and Gamón (2002) and Lleó et al. (2009) , and I A D was proposed by Ziosi et al. (2008) . An artificial image of each Índex was obtained computing the corresponding reflectance images. The región of interest (the fruit) was previously segmented from the background using the Otsu method (Otsu, 1979) .
Comparison criterio
Two analyses were applied for comparing the indexes: (a) Ripening sensing. The objective of this analysis was to determine which indexes better discrimínate the ripening process, for each fruit. As the number of pixels is not the same for each fruit, Wilks' lambda A (Wilks, 1960) has been preferred to F(Fisher) statistics. Wilk's lambda is a criterion that can be used for comparison purpose. It was computed for each pair of fruits before and after ripening as the ratio between the inter-group variance and the residual variance. Nine pairs of fruits were considered, and thus, nine valúes of A were obtained per Índex. This statistic measures the individual discriminative power of a variable. For each variable (Y) Wilk's lambda (A) was computed as the ratio of the sum of squares between groups (SS B ) and the sum of squares within groups (SS W ).
In turn, the sum of squares within groups (SS W ) was computed as:
adding up the sum of squares within group (j): group 1 (pixels of a fruit before ripening) and group 2 (pixels of the same fruit after ripening), being q the number of groups (q = 2); n¡ the corresponding number of pixels, n x and n 2 ; Yj, the mean for each group j and Y¡j, the valué of each pixel (i) from group (j) for the variable Y. Since, each time there was compared two groups, there were considered two means of groups Y-¡, Y 2 .
The sum of squares between groups (SS B ) was computed as:
Where YTOTAL is the mean of the merged population gathering both groups.
A ranges from 0 to oo. The higher the A, the more discriminative is the variable Y.
(b) Robustness of the indexes in relation to convexity of the fruit. The objective of this comparison was to analyse which indexes are affected by the convexity. A normalised artificial image (not shown) for each Índex was computed by subtracting to every pixel of the image the Índex valué at the geometrical centre of the fruit. Next, the correlation coefficient R was computed between the index of each pixel and its distance to the geometrical centre. R was computed for each index and each ripening stage, considering the nine fruit images pooled together.
Statistical discrimination tests
In order to test and confirm the discrimination ability of the indexes, all pixels from every peach were pulled together before (non-ripened group) and after ripening (ripened group). ANOVA was carried out for each index comparing these two groups. In addition, a very previous attempt of classification of the spectra was carried out. For that, a calibration set (5000 spectra from ripened group, and 5000 from non-ripened group) was randomly selected from the images. The centroids of the two groups, nonripened and ripened, were computed for each index. Then it was calculated Euclidean distances of each pixel of the fruit images to both centroids. After that each pixel was assigned to the nearest class according to those distances. The observed and previous assignments of all the pixels were compared with the classification based on the Euclidean distance. This comparison was made for each index.
All analyses were carried out using Matlab® (versión 7.0; Math Works, Inc., USA). Fig. 3 shows the box plots of the nine valúes (y axis) for the four indexes (x axis). Each box corresponds to the inter-quartile range, and the median is indicated by a horizontal line. The lines extend from each end of the boxes to show the whole range. Considering the median, the global performance of the four indexes is as follows: yl(Ind 2 ) > yl(Indl) > ^(IAD) > ^L(Ind 3 ). Considering the interquartile interval, it appears that ^(IndO and yt(Ind 3 ) vary to a much lesser degree than ^I(IAD) and yl(Ind 2 ). The same indexes order is found in Table 1 according to F of Fisher in ANOVA test. In addition, it is also shown that all indexes are able to discrimínate between the two ripening stages. Table 2 shows A for each pair of fruits and each index. The highest A valúes always correspond to Ind 2 (valúes ranging from 1 to 10.6). Indi {A valúes from 0.7 to 3.1), I AD (0.08 to2.7), and Ind 3 (0.03 to 0.98) differed greatly from Ind 2 . The A ranges overlapped for these three indexes. Fig. 4 represents the average spectra of the representative fruits of high A (fruits 1 and 6), which probably have a higher ripening evolution, and low A (fruits 3 and 5), which probably have a low ripening evolution. It is to note that the behaviour of the spectra of some of the áreas of the image might differ from the average spectra of the whole image of the fruit. Consequently, whilst A takes into account all the spectra of all the pixels, and therefore variations within fruits, the average spectrum of each fruit can only 
Results
Objective criterio for comparison
Ripening sensing. Wilks' lambda computation
Table 1
Comparison of ANOVA results for the artificial images of each Índex. All pixels of the fruit images were pooled together for the analysis, categorised in two groups: one group before n = 40,071 and other group after ripening n = 34,957. be used to compare single examples of ripe and unripe spectra. As an example, fruit 6 presents high variation of the relative absorption peak at 680 nm, that is Ind 2 , and it also presents high evolution rate (Table 2 , A = 10.56). This effect (Fig. 4) is not so clear for fruit 1 maybe due to the above mentioned fact that we are representing only the average spectrum. On the other hand, fruits 3 and 5 present not so high change of Ind 2 (lower valúes of A, than fruits 6 and 1) and graphically they present also low variation of the relative absorption peak considering the average spectra before and after ripening. Table 3 shows the correlation coefficient between the radial positions and the Índex valúes for all pixels of all the fruits before and after ripening. When only the single 680 nm wavelength is used, the correlation is very high. This clearly demonstrates the interest of the normalised indexes for increasing the robustness of the measurement. Amongst the indexes, only Ind! seems to be affected by the radial position for unripe fruits, as confirmed by the images in Fig. 5(1) , where concentric circles appear.
Robustness of the indexes in relation to convexity of the fruit
Description of the computed images
Index images before and after ripening for the same fruits are shown in the left column of Fig. 5 . The variability within the fruit is studied through the average and standard deviation per fruit, plotted in the right column of Fig. 5. 
4.2.7./nd,
Indi is based on the non-normalised second derivative. This Ín-dex decreased with maturity as expected (the absorption peak at 680 nm disappears with ripening). It also showed a certain convexity effect, which disappeared after ripening. In just-harvested group the coefficient of correlation between the intensity valué and the distance to the geometric centre of the fruit was R = -0.64, whilst in after ripening group it was R = -0.12.
The variability within the fruits is lower in the ripened fruits when compared to the fruits at harvest (Fig. 5(1) ). The vertical blue and red lines show a parallel evolution (the original maturity of the fruits could determine fruit ripening at the end of the process).
¡nd 2
This index presented the lowest variability within the fruits. The blue and red lines were completely parallel. Some ripened regions (on the top and near the shoulders) were allocated to the same áreas before and after ripening. The intensity valúes and área of those regions increased after ripening, as can be observed in the third, fourth, seventh and eighth fruits from left to right on the top of the fruit (Fig. 5(2) ).
Ind 3
This index increased with ripening. The average and range lines overlapped between the groups before and after ripening, whilst high variability was observed within the fruits. These images also show ripened regions with valúes that expanded and increased during the process (ripening áreas on fruits 3, 4, 6 and 9 from left to right in Fig. 5(3) ). These regions were generally located on the top of the fruits and did not exactly match the differentiated áreas detected by Ind 2 .
I AD
This index decreased along the ripening process. It showed a similar behaviour to Ind 3 . It had overlapping, differentiated ripening regions that evolved along the ripening process and a similar ranking of fruits according to ripening. The riper spots were usually located on the shoulders (Fig. 5(4) ).
Discussion
All of the indexes reflected the ripening evolution. The average range of each fruit evolved as expected for all indexes (increasing for Ind 2 and Ind 3 and decreasing for Ind! and I AD ) along the ripening process. This behaviour can be explained by the common inclusión of reflectance at 680 nm, the chlorophyll absorption peak, which increased with ripening due to the chlorophyll degradation. This behaviour has been observed by other studies using spectra acquired by a spectroradiometer (Ferrer et al., 2005) and backscattering profiles acquired in narrow bands of the skin in hyperspectral images (Qin and Lu, 2008; Lu and Peng, 2006) . The above mentioned authors showed the relationship between ripeness and reflectance/absorbance at 680 nm. Lu and Peng (2006) , especially, showed that the backscattered light is related to firmness. None of these measurements were spatially detailed, whereas the present research shows imaging of the whole fruit. As reported by other authors (Crisosto et al., 2001 ), some differentiated regions of ripening could be detected on the images of multispectral-based effect which, as mentioned in the Section 2.2, can be associated with variations in the mean light path length. The other indexes are not sensitive for either ripened or non-ripened fruits. Furthermore, the angle between incident and reflected light changes according to the position of the pixel in relation to the centre of the fruit, because the centre of the fruit matches the optical centre of the image. Therefore, the path length of the light through the fruit changes. When the fruit is unripe, the curvature of the spectra at chlorophyll hole is significantly different than zero. Indi ('the depth of the hole') is high and is sensitive to path length variations. The lack of sensitivity of Indi to convexity for ripe fruits could be related to the effect of ripeness on the spectra. When the fruit is ripe, the curvature of the spectrum disappears; Indi decreases and becomes less sensitive to the path length. The valué tends to be constant and low and thus less sensitive to the radial position.
Which índex presenten a higher discrimínate power?
The applied test Wilks lambda (Table 2) and Fof Fisher (Table 1 ) gave concordant results. In both cases Ind 2 was the most discriminating Índex: it presented the highest F valué and median of Wilk's lambda. Furthermore the classifications of all pixels (n = 75,028) based on the Euclidean distances to the centroids (non-ripened and ripened group), showed that Ind 2 presented the highest percentage of correctly classified (83%). The rest of the indexes achieved the following percentages: 79% Ind^ 74% I AD and 68% Ind 3 .
Wilks' Lambda is supposed to be related to fruit evolution. A high lambda valué supposes high variance before and after ripening compared to the variability within fruits and, therefore, will have a higher discriminating power between the ripening stages.
Ind 2 presented the highest median of lambda (A = 4), followed by Indi {A = 1.5), I AD {A = 1), and Ind 3 (yL = 0.5) ( Table 2 and Fig. 3 ). Furthermore, Ind 2 always produced the highest A in the nine pairs of fruits (Table 2 ) and the greatest separation between each pair of fruits along the fruits' evolution (Fig. 5, line 2) . Thus, Ind 2 could be the best Índex regarding discrimination ability and Ind 3 the worst (máximum overlapping between the fruits before and after ripening). Because Ind 2 is normalised (and therefore more robust than Indi) and focuses exactly on the shape of the spectrum around the chlorophyll zone, it characterises the ripening stage well. This result confirms the necessity of compensating for both multiplicative and additive effects when considering reflectance images.
Why is there more variation in A for some indexes than others?
Let us divide the effect of ripening on spectra into a "mean effect", which affects all fruits similarly, and a "fruit-specific effect". It seems that Ind 2 and I AD are sensitive to both effects, because (i) they present the highest differences between the median valúes of A, and (ii) their inter-quartile intervals are the largest. This higher sensitivity of Ind 2 and I AD may be explained by their ability to detect spatial variations inside the fruits.
Which index presented more variation in A?
Fruits present different rates of evolution. A higher A for a fruit suggests faster ripening under the chosen postharvest conditions.
Considering each index (each column in Table 2 ), the different fruits presented different A probably because of their evolution rate. Thus, some fruits seemed to evolve faster (high A, fruits 1 and 6) than others (low A, fruits 3 and 5).
Ind 2 showed the highest range of A, and, therefore, it may be the best index for detecting the different evolution rates.
Why are some fruits judged differently by certain indexes?
Fruits are judged differently by the indexes. Focusing on the A ranges and valúes of individual fruits, the indexes can be grouped into two pairs: Ind} and Ind 2 , and Ind 3 and I AD ( Table 2 ). The lowest valúes of A were obtained for the same fruit within each pair of indexes: fruit 8 for Indi and Ind 2 , and fruit 3 according to Ind 3 and I AD . In addition, high A valúes were computed for fruit 1 according to Ind! and Ind 2 and for fruits 2 and 9 according to Ind 3 and I AD .
These different behaviours could be because the indexes characterised two kinds of changes in the spectra; that is, Ind} and Ind 2 focused on the shape of the chlorophyll absorption área, and Ind 3 and I AD focused on the difference or ratio between the red and infra-red zones. It is notable that the ripe spectra presented a global decrease, especially at the NIR (Fig. 4) . This is surely due to a global change in the skin reflectance. Because I AD and Ind 3 are based on the difference between the NIR (above 730 nm) and the red zone (around 680 nm), the decreasing NIR reflectance lowers I AD (and increases Ind 3 ) artificially. Ind 3 and I AD , then, mix the change at the chlorophyll zone with the decreasing NIR área, which can be influenced by other factors apart from ripening, like water loss.
Fruit 5, for example, was judged differently by both groups of indexes. Ind 3 and I AD did not detect the evolution (low A, 0.03 and 0.22, respectively), whereas Ind 2 did detect the evolution {A = 4.05). The decrease in the spectrum could have changed the ripening characterisation, and it could have influenced this disagreement between indexes (Fig. 4d) . Furthermore, fruit 1 is judged to have fast evolution by Ind 2 {A = 10.6) and slow evolution by Ind 3 {A = 0.68) and I AD {A = 1.48). Fruit 1 also presented a general decrease at the NIR región.
Fruits that showed quicker evolution (Fig. 4 , first line, fruits 1 and 6) presented a greater change of shape at the chlorophyll absorption área. Fruits that showed less evolution (Fig. 4 , second line, lower A, like fruits 3 and 5) presented a weak change. Fruit 6, for example, is judged to have high evolution by Ind 2 {A = 9.5), some evolution by Indi (yl = 3.1) and low evolution by Ind 3 {A = 0.54), whilst fruit 6 presents a high difference at the chlorophyll región.
Conclusions
The present research proposes two new indexes, Indi and Ind 2 , to be compared with two previously used indexes, Ind 3 (Lleó et al., 2009; Sims and Gamón, 2002) and IAD (Ziosi et al., 2008) . All of these indexes were extracted from hyperspectral images, and their corresponding multispectral images were computed. Hyperspectral image system is employed for searching the best combination of wavelengths regarding the problem of ripening sensing. Once the indexes are proposed, a much cheaper system, multispectral, could be employed to compute the respective artificial images, because only few (three or four) wavelengths are actually needed.
Great differences were found in their ability to discrimínate ripening stages through Wilks' A. The Wilks' A valúes were computed between the index valúes of each fruit before and after ripening. Ind 2 showed the highest A for all the fruits because Ind 2 is a normalised index and is focused on the shape at the chlorophyll absorption peak, at 680 nm.
All indexes were able to correct the convexity effect (the correlation coefficient R between the index valúes for all pixels and their radial positions was 0.01-0.48), except for the just-harvested peaches and for Indi (R = -0.66). The 680 nm images, however, were greatly affected by convexity (R around 0.75 or 0.8), and the proposed indexes were able to correct this effect.
As a conclusión, Ind 2 is the preferred index. It showed a clear parallel evolution of average and range valúes, lower variability within the fruits, better discrimination between ripening stages and no convexity effect. In addition, Ind 2 allowed the differentiation of ripening regions within the fruits and showed the evolution of those regions during ripening.
Further analysis could be done by comparing reference measurements, such as firmness, from differentiated, ripened regions detected by the studied indexes vs. reference valúes from the remaining part of the fruit. To valídate the obtained results, an extended analysis with an increased sample size would be necessary.
